effect size was more than three times larger in the slackline. The SOM analysis, followed by a k-means clustering and marginal homogeneity test, showed that the balance coordination pattern was significantly different between pre-and post-test for the slackline task only (χ 2 = 82.247; p < 0.001). The shift in balance coordination on the slackline could be characterized by an increase in range of motion and a decrease in velocity and frequency in nearly all degrees of freedom simultaneously. The observation of low transfer of coordination strategies to the flamingo task adds further evidence for the task-specificity principle of balance training, meaning that slackline training alone will be insufficient to increase postural control in other challenging situations.
Introduction
In children as well as in young and older adults, slackline training was shown to improve the ability to balance on the slackline (Granacher et al. 2010; Donath et al. 2013; Pfusterschmied et al. 2013; Gabel et al. 2015; Donath et al. 2016) . Based on these positive results and the relatively low costs and large variety of possible exercises, slackline-based training is finding its way into fitness and therapeutic settings (Gabel et al. 2013) . A slackline is basically a narrow nylon rope stretched between two anchor points upon which people try to maintain their balance on one or two feet or try to walk, turn, jump or perform other functional exercises. By adjusting the length and tension in the slackline, the exercises can be made easier or harder. Although positive results of slackline training have been described for improving postural control on the slackline, a recent meta-analysis revealed Abstract How humans maintain balance and change postural control due to age, injury, immobility or training is one of the basic questions in motor control. One of the problems in understanding postural control is the large set of degrees of freedom in the human motor system. Therefore, a selforganizing map (SOM), a type of artificial neural network, was used in the present study to extract and visualize information about high-dimensional balance strategies before and after a 6-week slackline training intervention. Thirteen subjects performed a flamingo and slackline balance task before and after the training while full body kinematics were measured. Range of motion, velocity and frequency of the center of mass and joint angles from the pelvis, trunk and lower leg (45 variables) were calculated and subsequently analyzed with an SOM. Subjects increased their standing time significantly on the flamingo (average +2.93 s, Cohen's d = 1.04) and slackline (+9.55 s, d = 3.28) tasks, but the Electronic supplementary material The online version of this article (doi:10.1007/s00221-017-5072-7) contains supplementary material, which is available to authorized users.
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only moderate transfer effects toward other dynamic balance tasks and low transfer effects toward static balance tasks that were sometimes even in favor of the control group (Donath et al. 2017 ). Similar observations have been made for other types of balance training (Kümmel et al. 2016) .
When people make their first attempts on a slackline, the standing leg and rope swing uncontrollably and assistance is almost always necessary (Keller et al. 2012) . The slight instabilities that cause no problem in normal stance are amplified on the slackline, and in this way the person creates a strong impulse on which his/her neuromuscular system must respond to stay on the slackline. In most subjects, control of the slackline and maintenance of upright posture on the slackline evolve rapidly. The underlying neuromuscular learning mechanisms are, however, barely understood. From a computational point of view, it has been shown that an 'optimal control model' can improve postural control when the model knows the slackline mechanics and receives adequate neurobiological feedback (Paoletti and Mahadevan 2012) . From measurements in humans, it is known that training on the slackline leads to reduced soleus H-reflexes (Keller et al. 2012 ). Keller and colleagues argued that reducing this spinal reflex mechanism can prevent the overshoot of joint repositioning and, thus, the buildup of uncontrollable joint oscillations. They speculated that supraspinal structures were responsible for inhibiting the spinal reflex contribution by choosing an appropriate reflex setting when entering the slackline. Hüfner et al. (2011) further showed that the structure of the hippocampus is different in experienced slackliners and dancers compared to recreational athletes. Magon et al. (2016) showed increased efficiency in the striatal network in a subgroup of elder subjects who responded well to a slackline training program. These observations hint toward an improved supraspinal control in experienced slackliners when controlling the several degrees of freedom while standing or moving on the slackline. So far, kinematics of postural reactions have most often been studied in standardized balance tasks. Simplified models like the inverted pendulum were often applied (e.g., Paoletti and Mahadevan 2012) . However, while these approaches constitute useful first approximations, they ignore the complex interactions between the large numbers of degrees of freedom of the human body. Every degree of freedom in its turn can be studied at multiple levels (joint angle, velocity, acceleration, frequency domain) and each level provides important information because the sensorimotor subsystems (proprioception, vestibular, visual) rely on these different types of kinematic information, although it is not exactly known how these inputs are weighted and integrated (Stepan and Kollar 2000; Peterka 2002; Stepan 2009 ).
Non-linear data reduction and pattern recognition techniques in the form of neural networks are becoming more and more common in gait analysis (Barton et al. 2006 (Barton et al. , 2007 (Barton et al. , 2012 Lamb et al. 2011; Bartlett et al. 2014 ) and sport science Serrien et al. 2016) and provide a means to examine a large number of degrees of freedom at multiple levels simultaneously. In balance tasks, neural networks have been used to quantify movement variability and discriminate coordination strategies of young and older subjects (van Diest et al. 2015) and to model muscle synergies from electromyography data (Milosevic et al. 2012) . The aim of this research project was to analyze the effects of a slackline intervention on kinematic variables during a slackline balance task and to see if transfer to another postural task, i.e., the flamingo balance task, occurred by using a special type of neural network, namely self-organizing maps (SOM, Kohonen 2001) . This approach may provide new insights into the mechanisms behind the motor learning process of complex balance tasks and their transfer to unlearned balance tasks.
Methodology Subjects
Fifteen subjects volunteered to take part in this study. However, one subject dropped out due to injury and another participant did not complete the training. The remaining 13 subjects (11 female, 2 male) had a mean (±SD) age, height and weight of 22.2 (1.9) years, 168.8 (5.1) cm and 61.6 (8.7) kg. All subjects reported at enrollment in the study that they were free of any injury or balance-distorting conditions. None of them has had more than 1 h of slacklining experience prior to the experiment. All participants were informed about the procedure of the study and signed informed consent forms. The study protocol followed the Declaration of Helsinki and was approved by the ethics committee of Zürich, Switzerland (KEK-ZH-Nr. 2014-0107).
Training
All subjects participated in a 6-week training program with a total of nine 30-min sessions of supervised slackline exercises. Slackline training was performed under supervision of a staff member for safety and to make sure that subjects practiced throughout the 30 min. However, no further instructions were made than the goal will be to stand for a longer time on your preferred leg (defined by the first measurement) on the slackline. The middle of the 4 m slackline was marked and the tension was adjusted daily to 980 ± 10 N. Subjects started their first training session a few days (max. 9) after the pre-measurements and there was a gap of maximum 5 days between the last training session and post-measurements.
Tasks and measurements
Subjects had to perform two balance tasks: the slackline (SL) and flamingo (FL) balance task. In both tasks, subjects were instructed to maintain single-stance balance for 15 s. For the SL task, subjects were instructed to place their preferred foot at the midpoint of the slackline (length = 4 m, width = 5 cm, tension = 980 ± 10 N). Subjects were allowed to hold the hand of an assistant to get on the slackline. When the subject released the hand, measurements were started until they reached 15 s or set their foot on the ground or placed the other foot on the slackline. Motions of the arms and non-standing leg were not restricted by specific instructions. For the FL, the same protocol but without assistance was performed on a static balance bar (width = 4 cm). Both tasks were performed three times in series. FL as the comparing standard balance task always had to be performed first to avoid bias on that standard task (otherwise, the FL might be experienced as too easy when descending from the SL). During both tasks, we recorded full body kinematics with a six-camera VICON system at 250 Hz. Retroreflective markers were placed bilateral at the anterior and posterior superior iliac spine, trochanter major, acromion, humeral epicondylus lateralis, ulnar styloid process, femoral epicondylus lateralis and medialis, tibial tuberosity, medial and lateral malleolus, back side of the calcaneus and dorsal head of metatarsal 2. Unilateral markers were placed at the seventh cervical and tenth thoracic vertebrae, manubrium sterni, processus xiphoideus and forehead. Two markers were placed on the slackline, 1 m before and 1 m after the midpoint.
Data processing
Marker trajectories were reconstructed and labeled and gaps were filled in VICON Nexus software. The coordinates from all markers were imported into a custom-made script in Mathcad for calculation of several kinematic variables. The definitions of these variables are displayed in Table 1 . Joint and segment angles were calculated based on local orthogonal coordinate systems and a Cardan rotation sequence based on the ISB guidelines (Wu et al. 2002 (Wu et al. , 2005 . The location of the center of mass was estimated using the parameters of de Leva (1996) . The time series of these variables were exported into Matlab for extraction of discrete kinematic variables. The time series were too variable in shape and length both within and between subjects and tasks to be used directly within the SOM. From all kinematic variables displayed in Table 1 , the total range of motion (ROM), median absolute velocity (VEL) and 95% of the frequency spectrum (FREQ, Welch's power spectral density) were calculated (see Fig. 1 ). The 95th percentile was chosen instead of the peak power because the latter was not always clearly defined (double peaks) and includes mostly the major component and not the small corrections made during the large motions. For the head variables, we additionally calculated the acceleration values as the vestibular system is most sensitive to changes in velocity.
Self-organizing map analysis
This gave us a dataset of a total of 45 kinematic variables per trial and subject resulting in 156 trials in total (13 [subjects] × 2 [tasks] × 3 [trials per task] × 2 [measurement sessions] = 156 trials). The entire 156 × 45 dataset was used to train a neural network in recognizing the overall strategies that were used by the subjects. The network takes all variables into account simultaneously to induce an overall pattern. Each row of the dataset is an input vector v = ROM 1 , … VEL 1 , … FREQ 1 , … that was fed to the network. The neural network that we used in this study was an SOM, a class of vector learning algorithms with a high capacity for topological preservation of high-dimensional datasets and useful visualization techniques. More technical information and mathematical definitions can be found in Vesanto et al. (2000) and Kohonen (2001) . Data were analyzed with the open-source SOM-Toolbox for Matlab (Vesanto et al. 2000 ) (see Supplemental file 1 for the options that we used for the SOM training parameters and training process and a neighborhood function, the weight vectors are updated to make the best possible representation of the input vectors without confounding the topological relations of the original data. The training process forces similar prototype motion patterns (and thus the measured trials represented by them) to be mapped close together on the SOM. Various visualization options allow to qualitatively interpret the data for meaningful patterns. Every (sub)figure in "Results" shows the same SOM with its 63 units. Hit histograms per experimental condition allow identifying overall regions of the map related to that (Fig. 2) . These histograms represent the number of input vectors (trials) mapped into each unit. Larger colored hexagons indicate units with more trials mapped into them. Inspection of the corresponding component planes (Figs. 3, 4 , 5) allows to qualitatively interpret and visualize these patterns in terms of the original variables.
Component planes for each variable show the value of each dimension's prototype motion pattern (Lamb 2012) . Further statistical analysis based on this SOM is described below. Table 1 for the abbreviations. The black lines show the cluster borders as revealed by the k-means algorithm. Clusters 3 and 5 represent patterns with the highest VEL in nearly all degrees of freedom
Statistics
Postural control (standing time) was evaluated with a twoway repeated measures ANOVA with task and training as main factors. The level of significance was set at α = 0.05. In case of a significant interaction effect, Bonferroni-corrected post hoc paired samples t tests were calculated (α c = 0.025). Normality was assessed with the Shapiro-Wilk test and the presence of outliers was tested with box plots. To quantify the shift in coordination patterns on the SOM, we used a k-means cluster algorithm of the SOM units and a nonparametric marginal homogeneity test for paired nominal count data (Stuart-Maxwell test). The k-means algorithm was used to define clusters of SOM units that were qualitatively different from each other, i.e., the clusters represent qualitatively different balance coordination patterns. SOM units within each cluster are more similar to each other than they are to SOM units of other clusters. The Davies-Bouldin index was used to define the appropriate number of clusters for the k-means algorithm (Davies and Bouldin 1979) . This index shows for which number of clusters the ratio of average within-to-between cluster distances is minimal, i.e., how many clusters are optimal for the dataset. The mapping of the trials into these clusters (count data) was then compared between pre-and post-test with a marginal homogeneity test for each task separately. A contingency table was made to show the change in distribution of trials over the clusters. A significant test result indicates a significant change in the distribution of trials over the clusters for that task (i.e., offdiagonal counts in the contingency table), meaning that a motor learning effect took place.
Results
The postural control in FL (pre: 8.78 ± 2.38 s; post: 11.71 ± 3.37 s) and SL (pre: 4.58 ± 2.76 s; post: 14.13 ± 2.10 s) was normally distributed (p > 0.130 in all conditions) and no outliers were present. The ANOVA on postural control revealed an interaction effect between task and training (F = 56.14, p < 0.001, η 2 partial = 0.812, 1-β ~ 1). Follow-up post hoc tests revealed that postural control increased significantly (p < α c ) in both tasks, but the effect size (Cohen's d) was more than three times larger on the slackline (FL: t = 3.896, p = 0.002, d = 1.04; SL: t = 12.26, p < 0.001, d = 3.28). Figure 2 shows the results of the k-means cluster algorithm on the SOM units and the hit histograms for the FL and SL tasks. The lowest Davies-Bouldin index was calculated for five clusters. The interpretation of the clusters in terms of the original variables may be done with the component planes which visualize each dimension (variable) of the weight vectors across the map. All variables that formed the input vectors fed to the map are visualized in a component plane (Figs. 3, 4 , 5, see "Discussion" for interpretation). Table 2 shows the counts of 
Discussion
This study described the results from a slackline-learning experiment. We observed significant increases in postural control (standing time) in both an SL standing task and in an unlearned FL standing task. However, there was a significant interaction effect between training and task, as shown by the more than three times larger effect size for the SL task. This observation of a low transfer effect to an unlearned task further contributes evidence to the task-specificity principle of balance training (Kümmel et al. 2016; Donath et al. 2017) . The SOM analysis of the kinematic data during both tasks highlights that one reason for this low transfer of standing time might be that the coordination strategy, which was acquired for the SL task, cannot be transferred to the FL task. The newly acquired SL balance pattern is likely dependent on the expectation of an unstable moving surface, which would not be useful to apply in a task on stable surface.
Self-organizing map: cluster interpretation
The main findings from the SOM analysis are that subjects learned to increase their postural control on the slackline by adopting a strategy consisting of higher range of motion and lower velocity and frequency in most degrees of freedom. The k-means cluster analysis followed by the Stuart-Maxwell test of marginal homogeneity confirmed that this shift between pre-and post-test was statistically significant. On their first attempts on the SL, participants showed motion patterns characterized by clusters 3 and 5. At the post-test, a significant shift toward the units of clusters 1, 2 and 4 occurred. By visual inspection of the units in the component planes corresponding to the same units in the k-means cluster and hit histograms, the shift between pre-and posttest may be interpreted qualitatively. The values of all units' components are visualized on a color scale (Figs. 3, 4 , 5). The relation between variables is easy to interpret on these maps. For instance, the ROM, VEL and FREQ variables show gradients in mostly a left-right, upward and left-upward direction, respectively. This common gradient indicates a strong covariance between the variables within a level of analysis, but a smaller (negative) covariance between variables from different levels. If a component differs greatly between clusters, but not within clusters, then the corresponding variable can be considered influential in the separation of those SOM clusters. For example, ROM of hip flexion has a strong loading on the difference between clusters 1 and 4 [high values; range (20°-33°)] and clusters 2, 3 and 5 [low values; range (7°-20°)]. Differences between clusters 1 and 4 are better distinguished by ROM of hip ab/ adduction, trunk rotation and lateral trunk tilt. Not one variable at any level of analysis is able to discriminate between all pairs of clusters, demonstrating the added value of an SOM analysis in high-dimensional complex motions. Because the Stuart-Maxwell test showed a change from clusters 3 and 5 toward clusters 1, 2 and 4, it is important to observe what variables are linked to their difference. Pre test  1  2  3  4  5  Total  Pre test  1  2  3  4  5  Total   1  6  15  0  3  0  24  1  6  3  0  3  0  12  2  18  33  0  3  12  66  2  9  3  0  3  0  15  3  0  0  0  0  0  0  3  9  9  0  6  3  27  4  9  6  0  3  0  18  4  0  3  0  0  0  3  5  3  3  0  3  0  9  5  9  36  0  12  3  60  Total  36  57  0  12  12  Total  33  54  0  24  6 Overall, the units of cluster 3 are mainly characterized by very large FREQ values for all degrees of freedom. Both clusters 3 and 5 share balance strategies with relatively low ROM and high VEL values. The main difference between both clusters is that cluster 5 represents more moderate FREQ values. Looking at the hit histograms and Table 2 , it is clear that clusters 3 and 5 are mainly representative for the SL trials at the pre-test (Fig. 2, right: blue hexagons) . Clusters 1, 2 and 4 are mainly representative for all the other trials with no clear visual distinction between the FL-pre, FLpost and SL-post conditions on the hit histograms, meaning that the SOM was not able to discern qualitatively distinct patterns between these conditions. These clusters are characterized by low FREQ values for all degrees of freedom. Also for the VEL variables, these clusters show strong similarities of relatively low to moderate values (lowest VEL values are mainly in cluster 2). The only exception is ankle pro/supination velocity which shows high values for these clusters. Cluster 2 shows moderate to low ROM values (again with an exception for ankle pro/supination), while clusters 1 and 4 characterize moderate to high ROM values.
This qualitative cluster analysis and visual inspection is a great advantage of the SOM methodology compared to looking at a large table with all the variables' descriptive data and possible accompanying multivariate statistics (Supplemental file 2). Other SOM visualizations are possible too, allowing for identification of individual learning strategies (Supplemental file 3).
Motor learning effects
The slackline causes movements mostly in the mediolateral direction. However, not only the kinematics in this plane (lateral pelvis and trunk tilt, hip ab/adduction, ankle pro/ supination) were changed after training, but also the degrees of freedom in the anteroposterior plane (sagittal pelvis and trunk tilt, hip flex/extension, knee flex/extension, ankle flex/ extension) and transverse plane (pelvis and trunk rotation) were adapted in a similar manner.
The change toward higher ROM may be seen as the result of an exploratory strategy that participants applied during training. The role of exploratory body sway has been shown in other balance tasks before (Carpenter et al. 2010; Honegger et al. 2013 ) and can also be interpreted as unfreezing of the degrees of freedom. In normal stance, body sway is limited to a small range by mainly reflex-based commands and this might be the standard response of the CNS during the first slackline attempts. We saw that the increase in ROM between pre-and post-test in all degrees of freedom occurred relatively simultaneously (as shown by the strong covariance between them). It might therefore be argued that the sway of the slackline is too fast and unpredictable to control with mainly reflex pathways and the CNS might instead choose to increase the ROM in all degrees of freedom simultaneously; each joint motion compensating for other joint motions to keep the CoM within a stable region.
The adaptations in the FREQ domain are opposed to those in the ROM domain, indicating that subjects made less corrections to the ongoing movements. This observation also fits very well with the assumption that subjects changed their strategy from more reflex-guided to a more centrally controlled one (Hüfner et al. 2011; Keller et al. 2012) . As a consequence of the larger ROM and lower FREQ, the motion is slower (decrease in VEL) and over longer and smoother trajectories. This allows not only more time to react and plan ahead, it also reduces the kinetic energy (~VEL 2 , especially in the trunk rotations) that needs to be counteracted when they reach the outer range of stability. An exception to this overall decrease in VEL is seen in hip ab/adduction and ankle pro/supination. These two component planes are slightly different from the overall pattern. This can mean that these degrees of freedom (combining an ankle-hip strategy in the mediolateral direction) are better able to maintain the balance under the constraints of the new overall balance coordination.
Transfer to an unlearned balance task
A second important conclusion concerns the weak transfer of motor coordination patterns from the SL to the FL, indicating that the strategy that is being learned is strongly dependent on the task at hand. Although the standing time on the FL increased significantly, the effect size was three times lower than on the SL. In addition, the Stuart-Maxwell test revealed no significant difference in the distribution over the clusters between pre-and post-test, indicating that no change occurred in the overall balance coordination strategy on the FL task. If the learned response on the SL would have been transferred to the FL task, the SOM and k-means cluster algorithm should have been able to discern this by mapping the FL-post-trials into clusters of units with even higher ROM, lower VEL and FREQ than the ones from clusters 1, 2 and 4. Giboin et al. (2015) hypothesized that depending on the type of task, different semi-autonomous subsystems of the sensorimotor control are more or less recruited and that the control of these systems by supraspinal structures may be different. Training a specific balance task would thus induce adaptations only in the subsystems required for that task and in the control systems responsible for them (Giboin et al. 2015) . In the present study, subjects may have a different neural (reflex) setting when entering the slackline (Keller et al. 2012) compared to a task on a stable surface. This weak transfer implies that slackline training should not be used as the single type of balance training for subjects that wish to improve postural control in more general terms. Also in elder subjects, slackline training showed only weak transfer effects to other tasks . A variety of challenging balance situations should be applied during training as it seems that the neural response is highly specific to the task at hand and the external stimulus/perturbation exerted on the movement system (Giboin et al. 2015) .
Strengths and limitations
The major strength of this study, compared to classical statistical methods, is the qualitative analysis with a self-organizing map that allowed examining a large number of degrees of freedom simultaneously at multiple levels of analysis in two balance tasks. This would cause a great multiple-testing problem with typical hypothesis testing techniques. In a general sense, the SOM-based marginal homogeneity test may be considered analogous to a qualitative non-linear version of a multivariate ANOVA with the visual inspection of the component planes' relation to the clusters as the post hoc tests (univariate ANOVAs or discriminant analyses), thus combining quantitative and qualitative methods. Limitations to the present study are the low sample size, gender bias, lack of a control group and only two measurement sessions. Intermediate measurements after 2 and 4 weeks would have enabled us to track the changes after short-and middle-term learning periods. Also a follow-up measurement a number of weeks after the intervention would be necessary to establish the permanency of the newly acquired balance pattern. A limitation with respect to the included variables is the lack of separate data for the arm motions and non-standing leg. These data were incorporated into the center-of-mass location, but may also provide important information as individual components. A final limitation is a possible learning effect on the flamingo task on the post-test, which may explain the significant increase thereof. Future studies may include a familiarization of this task before the pre-test to control for this.
Conclusions
After a 6-week slackline training program, subjects showed increased postural control in both a slackline and flamingo balance task. The transfer effect to the unlearned flamingo task was, however, three times smaller than the learning effect on the slackline task. A self-organizing map was used to assess changes in the coordination of balance and showed significant pre-post differences for the slackline task (characterized by higher range of motion and lower velocities and frequencies in nearly all degrees of freedom). In contrast, the SOM showed no pre-post differences in balance coordination for the flamingo task. This observation provides further evidence to the task-specificity principle of balance training and extends previous knowledge by showing that the acquired motor coordination patterns are task specific. Despite the large number of degrees of freedom, the usage of a self-organizing map allowed to differentiate different motor coordination patters and shifts between patterns (clusters) from pre-to post-measurement.
